Considering the deficiencies in the field of researches on financial crisis prediction for the present, this paper build financial early warning model for manufacturing listed companies, using quarterly time serials data three years before special treatment (ST). We find out that the predictive validity of logistic financial early warning system based on time serials data is better than that based on cross-section data; logistic financial early warning is better than fisher multivariate discriminant analysis; corporate profitability, earnings per share (EPS) and general manager stake which significantly affect the financial distress.
INTRODUCTION
With the development of capital markets, more and more companies of China have chosen to raise money from capital market. However, companies getting into financial trouble that leads to business failure are also more than before. Therefore, establishing a rational and effective financial early warning model is of practical significance in other to identify and avoid financial risk for executives, investors and market regulators.
Chinese manufacturing listed companies play an important role not only for Chinese economy but also in a global context. By the end of 2009, 974 manufacturing companies have been listed in Shenzhen and Shanghai stock market, accounting for 59.1% of the total number. In the early 1990s, manufacturing industrial gross product accounted for 40% of the total. At the same time, the products of Chinese manufacturing enterprises are sent all over the world, affecting the global economy. Therefore, taking China's manufacturing listed companies as research object is meaningful.
Previous studies on financial early warning mainly focus on three aspects: early warning variables, early warning methods and early warning time point (Such as Blum, 1974; Cao and Wang, 2007; Deaken,1972; Dimitras, 1999; Hsin-I, 2010; Sun and Shenoy, 2007; Sun and Li, 2009; Laitinen, 1991 , Frizpatrick, 1932 . Previous studies mainly forecast financial crisis using static crosssection data based on relevant index of balance sheet and income statement. The most published contributions are from Beaver and Altman. Beaver (1966) utilized 30 financial ratios at first to establish univariate financial model. He found out that the ratios of cash flow/total debt (Total debt/Total assets) and Returns on assets achieved higher prediction one year prior to financial distress. Altman (1968) utilized the multiple discriminate analyses in this field. His model demonstrated the prediction of accuracy of 95% one year prior to company failure (please make the statement coloured green clearer and understandable). Since 1980s, cash flow statement has been given attention and studies based on it emerged. Olson (1980) constructed financial early warning system based on cash flow index, using logistic regression models. Aziz et al. (1988) compared the accuracy among the prediction models, and found that early warning model based on cash flow is the best. Domestic dynamic financial early warning study started in the early part of this century. Wu and Chang (2005) established a financial early warning system based on cash flow statement, and suggested that this system's prediction accuracy ratio was 85% higher than traditional which was 65%. Jiang (2007) introduced cash flow index into early warning models, and made the dynamic financial early warning come true. Zhang (2009) established short-term and long-term financial early warning models, inducting companies' growth variables, and found that the former was timelier. Research literature shows previous studies focus on predicting financial risk using crosssection data. The generation of financial distress is a process of long-term accumulation and progressive development (Zhang et al., 2004) . The main contribution of this paper is establishing a dynamic financial early warning model to give expression to cumulative effect of listed companies' financial situation, using quarterly time serials data.
METHODOLOGY The database
This paper takes ST as the criteria of financial distress, while those which were never given special treatment are regarded as healthy ones. ST means company is specially treated by China Securities Supervision and Management Committee (CSSMC). China listed companies are specially treated usually because of two common reasons: they have had negative net profit in continuous two years or they publish financial statements with serious false and misstatement purposely. In this paper, ST samples chosen are all companies that have been specially treated because of negative net profit in continuous two years. This paper uses financial data three years before ST, which is often denoted as year ( (Qiao F, Yao J ,2003) . By forming the data matrix with the previous observations in each observation vector, ARMAX model structures have been widely applied to the system identification of dynamic systems (Leontaritis & Billings, 1985) . Integrating ARMAX with PCA is referred to as dynamic PCA (DPCA) It can extract the time-dependent relations in the measurements (Ku et al., 1995) . When the data are stacked with the current observation vector and the previous observations, the resulting matrix is formed as
T is the J -dimensional observation vector at time point k. Performing PCA on the data matrix can remove the input-output relationship of dynamic systems. The residuals of the DPCA model are much more uncorrelated than those of the traditional statistic PCA model. This means that DPCA is much better than the traditional static PCA in detecting the fault occurrence from serially correlated data (Junghui and Kun-Chih, 2002; Jie and Hui, 2011) . In this paper, logistic regression and fisher linear discriminate logic are two methods to establish financial early warning models. Logistic regression is not strictly required to obey state variable analysis of assumptions. It have been confirmed as an effective modeling method by recent studies, and comparing with the neural network model, Logistic regression method have the advantage of easy to understand , and Can clearly show the factors and the relationship between corporate financial distress. Fisher linear discriminate model is also confirmed as a simple and effective method in predicting Chinese listing companies' financial failure (Wu and Lu, 2001; Jae and Young-Chan, 2005; Kourti and MacGregor, 1996; Lee et al., 2005; Odom and Sharda, 1990) .
EMPIRICAL RESULTS

Hypothesis
Whether the company will fall into financial difficulties is affected by non-financial factors as well as financial factors. In the long run, listed companies with good profitability and progressive capacity can resist risks better even if they may get into financial problems because of debt-servicing difficulties in the short term. They can also have enough momentum to turn around.
Deteriorating financial position of listed companies is a gradual process. In China, whether a listed company gets special treatment or not is often based on the financial situation of the company in one (t-1) and two (t-2) years before ST. Although the company remains profitable in the year t-3, some financial indices have shown clues of deteriorating financial position. Therefore, this paper establishes financial early warning model based on timeserials data consisting of quarterly, semiannual and annual reports of t-3 in order to reflect the cumulative effect of financial dynamics. This paper takes prediction three years prior to failure. Predicting financial failure with information of one or two years prior to special treatment will overestimate the predictive ability of the model. What's more, predicting in t-3 is timeliness stronger for both the investors and the manager of company compared with that in t-1 and t-2. So, we suppose: H 1 : dynamic financial early warning models based on time-serials data is superior to the conventional static financial early warning models. H 2 : conventional static financial early warning model is superior to dynamic financial early warning models based on the time-serials data set.
Indicator selection
25 financial indicators which cover solvency and operation capability, profitability, shareholder profitability, growth, cash flow and 14 non-financial indicators covering board structure, ownership structure and management incentives are selected as alternative indicators. These indicators can get from the database of CCER (a financial research database in china). The results are shown in table 1.
Significance test
This paper uses KS test to verify whether indicator variables are normally distributed. We conduct T test on variables that are normally distributed, and Wilcoxon rank sum test on those that are not normally distributed. Bendel and Afifi (1977) and Mickey and Gereenland (1989) pointed out in their studies that it may leave important variables out to take conventional level (for example, 5%) as touchstone. Afifi (1979) suggested it would be better if it take the significance level between 10 to 25% as touchstone. Therefore, this paper takes 25% Table 3 ). As shown in Table 4 . 1 solvency indices current ratio (X1), quick ratio (X2) and debt ratio (X4) contribute the most to principal component F1. 1) So F1 reflects the solvency of listed companies; 2) operations capacity indices asset turnover (X7), fixed asset turnover (X8) and total asset turnover (X9) contribute the most to principal F2. So F2 reflects the operating capacity of listed companies; 3) Profitability indices operating margin (X14) and return on equity (ROE) (X15) contribute the most to component F3, and F3 reflects the company's profitability; 4) Net cash flow per share (X22) contributes the most to principal component F4, and F4 reflects the company's ability to obtain; 5) net cash flow from operating activities per share (X21) contributes the most to component F5, and F5 reflects the cash obtaining ability of operating activities; 6) Revenue growth (X12) contributes the most to component F6, and F6 reflects the ability of revenue growth; 7) Equity ratio (X3) contributes the most to component F7 and F7 reflects the company's capital structure; 8) Total profit growth rate(X13) contributes the most to F8, which reflects the growth of profits; 9) Retained earnings per share (X19) contributes the most to F9, which reflects the profitability per share. Fourthly, we establish linear expression of principal components on the original financial ratios, according to the factor score coefficient matrix. Specific results are shown in Table 5 . We express all the principal components as a linear combination of all scalars. Thus, value of each principal component in the sample can be calculated to establish early warning model.
Global principal component analysis
Modeling and analysis
This paper sets up logistic financial early warning models based on time serials data and cross-sectional data, to compare their effectiveness. We also establish Fisher multiple discriminant analysis (MDA) financial early warning model based on time serials data to compare quality of logistic and fisher MDA model.
(1) Logistic financial early warning model based on time serials data. Taking the nine financial and six non-financial indicators as been extracted as warning variables, we establish logistic financial early warning model based on time serials data, with the end of t-3 as early warning time point. Empirical results are shown in Table 6 .
From the empirical results, we can infer: 1) The probability of HL statistic is 0.365, statistically insignificant, which means that the model fits well. 2) Variables F3 (profitability factor), F9 (earnings per share of capacity factor) and K14 (General Manager of ownership) are significant to getting into the model, which indicates whether a company will fall into financial difficulties and it is closely related to the ability of growth and profitability, more even affected by the general manager stake.
We regard mistaking ST Company as normal as error type I, and the opposite as error type II. The test sample is put into the model to test the prediction accuracy (results shown in Table 7 ). The accuracy of the model is 80%, with the total prediction accuracy as 76% and error type I rate as 20%. (2) Comparison between dynamic financial distress prediction model and the static. The static Logistic financial distress prediction model based on Crosssection data is established using the data of t-3 to compare with the dynamic model above. The result is shown in Table 8 . As is shown in Table 9 , both established in three years prior to ST, the accuracy of static model is lower than dynamic model. According to the result of dynamic Logistic model, variables F3 (profitability factor) also pass the significant test in Dynamic Fisher linear discriminate model, having significant effect with the financial performance of company. Results in Table 12 shows that financial early warning model based on the time serial data is superior to that based on sectional data and Fisher discriminated financial early warning of models. Both types of false positives of the former are lower than the latter two, and the comprehensive prediction accuracy rate is higher than the latter two. Therefore, we can infer that the logistic financial early warning model based on time serials data is better in prediction, and the hypothesis two is accepted.
DISCUSSION
This paper tries to establish a scientific and effective financial early warning model based on time-serials data and integrated financial and non-financial factors, which is consistent with accumulating features of financial cycles. According to the research, we find out that: (1) financial early warning model based on time serials data in t-3 year is good in fitting and prediction, superior to the mode based on the cross-sectional data. (2) In three years prior to financial failure, the dynamic Logistic early warning model is better than dynamic Fisher discriminate model with our data. The accuracy of Logistic model is higher. (3) Whether a company will fall into financial difficulties is closely related to the ability of growth and profitability, more ever affected by the general manager stake. Therefore, listed companies should improve financial position by increasing their profitability and growth ability, and at the same time, develop reasonable policy on general managers' incentives. Our conclusions cannot only help market players to identify financial risks in advance, but also can help managers prevent risks fundamentally.
However, there are also some limitations in this paper. Firstly, the period of time serials data is quite short which only cover four time points. Secondly, the financial condition is also affected by external factors such as market, Macroeconomic environment and policy etc. these factors should be taken into account when establishing the financial distress prediction model. Further research may improve the financial distress prediction model by extending the time serials and adding external factors to the company.
